Imprinted genes represent a small subset of mammalian genes that are monoallelically expressed in a parent-of-origin manner. Experimental evidence suggests that genomic imprinting evolved ∼180 million years ago in a common ancestor to viviparous mammals after divergence from the egg-laying monotremes (Killian et al. 2000 (Killian et al. , 2001 Murphy and Jirtle 2003) . Imprinting is postulated to provide a means by which the paternal and maternal genomes exert counteracting growth effects during development (Haig and Graham 1991) . This is exemplified by the paternally expressed Igf2 and the maternally expressed Igf2r stimulating and inhibiting embryonic growth, respectively.
Prader-Willi syndrome (PWS) and Angelman syndrome (AS) are examples of neurodevelopmental disorders linked to imprinted gene dysregulation. Evidence is also mounting that imprinted genes play a significant role in the genesis of cancer, obesity, and diabetes (Murphy and Jirtle 2003; Waterland and Jirtle 2003; Feinberg and Tycko 2004) . Moreover, imprinted genes are targets through which environmental factors can influence gene expression (Waterland and Jirtle 2004) . For these reasons, it is critically important to identify imprinted genes, as well as the cis-acting regulatory elements involved in the establishment and maintenance of imprinting.
To date, most efforts to identify imprinted genes have been experimental, focusing on small regions of a chromosome. Highthroughput screens based on differential expression have been performed by using RIKEN cDNA microarrays, and they have led to the discovery of several novel imprinted genes (Mizuno et al. 2002; Nikaido et al. 2003) . Although it has been proposed that the concentration of certain types of repeated elements and other sequence characteristics might be useful in distinguishing between monoallelically and biallelically expressed genes (Greally 2002; Ke et al. 2002; Allen et al. 2003) , no large-scale predictions have previously been performed based on DNA sequence characteristics alone.
This study describes a machine learning approach across the entire mouse genome for both identifying imprinted gene candidates and predicting their parental expression preference. We collected a series of DNA sequence features within and flanking each locus, such as statistics on repetitive elements, transcription factor binding sites, and CpG islands. Based on these features, we subsequently trained a classifier employing a two-tier prediction strategy. Each gene in the mouse genome was first predicted to be either imprinted or nonimprinted, and then the parental allele preferentially expressed was predicted for all candidate imprinted genes.
Results

Genome-wide prediction of candidate imprinted genes
In applying this classifier to the entire mouse genome, the algorithm predicted 600 genes out of a total of 23,788 annotated autosomal genes to be imprinted (2.5%); 384 (64%) of these candidate imprinted genes were predicted to exhibit maternal expression. The entire set of predictions is listed in the Supplemental Table 6 .
The frequency of imprinted gene candidates did not vary significantly either between or within the chromosomes (Supplemental material; Fig. 1 ). Nevertheless, the frequency of imprinted gene candidates was significantly higher within six autosomal bands than in the rest of the autosome: 12d1 (4/16 were predicted to be imprinted), 7b5 (5/25), 18b1 (4/20), 6a1 (8/45), and 7f5 (16/193) . Chromosomal bands 6a1, 7b5, and 7f5 contain known imprinted genes. The candidates on 18b1 are located 10 Mb distal to the imprinted gene Impact, while the candidates on 12d1 are 35 Mb proximal from the imprinted Dlk1/Meg3 cluster.
Assessment of prediction accuracy
We assessed the prediction accuracy of our classifier by using both cross-validation and an independent set of test genes. We randomly partitioned the training data into 44 groups for crossvalidation, each containing one imprinted gene and 12-13 con-trol genes. We subsequently withheld one group from the model fitting process and then used that model to make predictions on the withheld group. We repeated this process for all groups and at each iteration chose significant features de novo among all 6831 available features. In this cross-validation assessment, we obtained a specificity of 100% (44/44 imprinted genes correctly identified) and a sensitivity of 93% (495/530 presumably nonimprinted genes correctly identified). There were 30 randomly chosen control genes whose imprinting status is unknown among the 35 false-positive predictions. Since we predicted ∼2.5% of the autosomal genes to be potentially imprinted, we would expect up to 13 imprinted genes within a random sample of 500 genes. Thus, almost half of the 30 control genes predicted to be imprinted might actually be imprinted and not be misclassifications.
Interestingly, even microimprinted genes such as Nnat and U2af1-rs1 were correctly classified, when left out of the training process. Furthermore, nonimprinted genes in whose introns these two imprinted genes are located, Bc10 and Murr1, were correctly predicted not to be imprinted. Bc10 is biallelically expressed in both human (Evans et al. 2001 ) and mouse (John et al. 2001) . Murr1 is biallelically expressed in neonatal mouse (Nabetani et al. 1997 ), but a recent study found predominant maternal expression in the adult mouse brain, an effect that is proposed to stem from transcriptional interference by U2af1-rs1 (Y. . No human homolog of U2af1-rs1 is known. Misclassification will mostly lead to biallelically expressed genes being erroneously labeled as imprinted, rather than truly imprinted genes being overlooked. Thus, the results of this crossvalidation indicated that we could identify a large portion of the imprinted protein coding genes residing in the mouse genome.
To further validate our predictions, we excluded an independent set of experimentally validated genes (Supplemental Table 2 ) from the model learning process. This test set consisted of 18 genes with random monoallelic expression and 82 genes with biallelic expression or synchronous replication. Our algorithm correctly classified all 18 genes with random monoallelic expression as nonimprinted. It also correctly classified 81 of the 82 genes presumed to have biallelic expression as nonimprinted (sensitivity of 98.7%). The single misclassified gene, Ctsd, is located ∼200 kb proximal from imprinted H19 and was predicted to be paternally expressed (Fig. 1) . The nonimprinted status of human CTSD is only inferred from its expression in hydatidiform mole, mature teratoma, and normal placenta (Rachmilewitz et al. 1993) . Hydatidiform mole contains exclusively paternal chromosomes (Szulman 1987) , whereas mature teratoma arises from parthenogenic origin and contains maternal chromosomes only (Linder et al. 1975) . Based on our prediction that Ctsd may be imprinted and paternally expressed, it could also be speculated that a loss of imprinting might contribute to the tumorous growth in mature teratoma. We are unaware of any reports on its imprinting status in any species, including mouse and human, in either adult or embryonic tissue.
In addition, our test set contained four genes that are imprinted in embryonic or adult tissues in human or mouse (ATP10A, WT1, ALDH1B1, and CPA4). Our algorithm predicted Atp10a, Wt1, and Aldh1b1 to be imprinted. Murine Atp10a is imprinted in some mouse strains (Kashiwagi et al. 2003) ; its human homolog is imprinted in the brain and in lymphoblasts (Meguro et al. 2001) . The human genes, WT1 (Mitsuya et al. 1997; Malik et al. 2000; Dallosso et al. 2004 ) and ALDH1B1 (http://lpg.nci.nih.gov/LPG/lee/proj2), are reported to be imprinted; however, the imprinting status of their murine homologs remains unknown. Our algorithm also predicted Cpa4 to be nonimprinted. Although human CPA4 is imprinted in several human tissues (Bentley et al. 2003; Kayashima et al. 2003) , it is Figure 1 . Subset of mouse chromosome 7f5 that is homologous to the imprinted human BWS region at 11p15.5. Red, blue, and black coloring define genes predicted to be maternally, paternally, or biallelically expressed, respectively. Solid arrowheads represent genes used for training, while genes not used for training are denoted by empty or shaded arrowheads and rectangles. Vertically hatched arrowheads represent weakly imprinted genes. Empty arrowheads identify genes for which there is conflicting data. Horizontal hatching denotes biallelic test genes. Genes for which no gene name was available are represented by their Ensembl ID. Coordinates are based on Ensembl annotation; units are kilobases.
unknown whether Cpa4 is imprinted in mouse. Interestingly, the homeobox gene DLX5 is imprinted and maternally expressed in human (Okita et al. 2003) ; however, our algorithm classified it as nonimprinted. While this manuscript was under review, Dlx5 was identified as being biallelically expressed in mouse (Kimura et al. 2004) .
Despite the fact that the data on which we based our predictions included characteristics of flanking sequence as far as 100 kb from a gene, it appeared that our algorithm operated on a "single-gene level" and was not misled by long-range phenomena. This is illustrated in Figure 1 , which shows the gene cluster at human chromosome 11p15.5 that is involved in BeckwithWiedemann syndrome (BWS), an organ overgrowth syndrome. Prediction accuracy is clearly demonstrated by the correct classification of the nonimprinted genes Tnnt3 and Cars, despite their close location to imprinted genes.
Significant genomic features for predicting imprinting status
Previous efforts to determine the sequence characteristics of imprinted genes have demonstrated that imprinted loci are deficient in short interspersed transposable elements (SINEs), particularly in the more ancient MIRs (Greally 2002; Ke et al. 2002) . We similarly found that imprinted genes contain a low concentration of SINEs in their flanking regions. In addition, we determined that the orientation of these repetitive elements is of even greater discriminatory value. We denoted repeats oriented in the same direction relative to the gene by a plus sign (+), whereas oppositely oriented repeats are denoted by a minus sign ‫.)מ(‬ The most important feature used in the classifier was the ratio of ‫ע‬ counts of repetitive elements (Fig. 2B ). Repetitive elements within the introns were of greatest importance, followed by those in the region 10 kb upstream of the gene, whereas those 1 kb upstream of the gene were least important (Fig. 2C ). Endogenous retrovirus (ERV) elements, ERV1 and ERVL, were the repeat features of greatest average importance, followed by LINE (long interspersed elements) L1s (Fig. 2D) .
Of the transcription factor binding sites investigated, serum response factor (SRF), NFuE1, and AP2 were most important in predicting imprinted genes (Fig. 2E) . SRF is involved in the activation of "immediate early" genes (Schratt et al. 2001) , in muscle differentiation (Vandromme et al. 1992; Soulez et al. 1996) , and in mesoderm formation (Arsenian et al. 1998 ). The four-member family of AP2 transcription factors is essential for development and morphogenesis (Schorle et al. 1996; Zhang et al. 1996) , and is involved in apoptosis (Moser et al. 1997) , cell growth, and differentiation (Byrne et al. 1994) . We are unaware of any role of NFuE1 in development. A complete list of the features used, along with their weights and average values, can be found in Supplemental Table 4 .
Prediction of parental preference
We trained a separate classifier in order to predict whether an imprinted gene is expressed from the maternal or paternal allele. This model is based on 23 maternally expressed genes and 20 paternally expressed genes. Gnas was omitted from this part of the analysis due to the complex parental expression patterns at this locus (Beaudet 2004) . We predicted maternal expression for 384 (64%) of the 600 potentially imprinted gene candidates.
We again assessed the accuracy of the model by using both cross-validation and an independent test set. We randomly split the training data into 20 groups, each containing one paternally and one to two maternally expressed imprinted genes, since there were slightly more maternally expressed genes in our training set. We again chose the features included in the model de novo among 2841 features. We achieved a sensitivity of 95% (19/20 paternally expressed genes correctly identified) and a specificity of 100% (23/23 maternally expressed genes correctly identified) in this cross-validation experiment.
The test set for assessing the prediction of parental preference consisted of three genes: one showing maternal expression (Atp10a) and two showing paternal expression (Wt1, Xist). All three genes were correctly classified. Xist is a particularly challenging example because it is solely expressed from the paternal allele in rodent extraembryonic tissue (Tagaki and Sasaki 1975) , but is randomly expressed in rodent embryonic and human tissues (Plath et al. 2002) . Appropriate sequence data for its oppositely imprinted antisense transcript, Tsix, were unavailable at the time of this study.
Among the features of greatest significance for the prediction of parental preference was the relative orientation of LINE L1 elements upstream versus the LINE L1ME elements downstream, along with the presence of Oct1, PU1, and CEBP binding sites upstream, and TGTCTGCAG consensus enhancer sites downstream. In paternally expressed genes the upstream LINE L1 elements tended to be oriented in the same relative way as L1ME elements downstream. In contrast, these two classes of repeats tended to be oppositely oriented in maternally expressed genes (P = 9 ‫ן‬ 10 ‫5מ‬ ). Similarly, we found the MaLR LTRs upstream of paternally expressed genes to be predominantly oriented in the same direction as the gene, whereas those upstream of maternally expressed genes oppositely oriented (P = 4 ‫ן‬ 10
‫3מ‬
). The discriminatory features employed in the parental preference classifier are summarized in the Supplemental Table 5 .
Discussion
In this article, we presented a machine learning algorithm to predict novel imprinted genes in the mouse. We determined a number of DNA characteristics to be particularly significant for this task, including data on the presence and orientation of repetitive elements such as LINE L1s and ERVs. In addition to identifying imprinted gene candidates, our algorithm also predicted from which allele these genes are likely to be expressed.
There is mounting evidence of a parent-of-origin effect in complex conditions such as Alzheimer disease, autism, bipolar disorder, diabetes, male sexual orientation, obesity, and schizophrenia. This suggests the involvement of imprinted genes in their etiology. In Table 1 we present a set of human genes whose mouse homologs are predicted to be imprinted and which map to regions in the human genome that are linked to complex conditions with parent-of-origin-dependent inheritance.
For example, the homeobox gene NKX6-2 is located on human chromosome 10q26 near the marker D10S217 that Mustanski et al. (2005) found was maternally linked to male sexual orientation. Its expression is tightly controlled in a tissue-specific way with highest expression in the brain (Lee et al. 2001) . Moreover, we predicted that its murine homolog is imprinted and maternally expressed. Increased maternal transmission of male homosexuality has previously been observed (Hamer et al. 1993) , and it is proposed to result in part from imprinted genes (Bocklandt and Hamer 2003) . A genome-wide screen for methylated CpG islands found a germline differentially methylated region (DMR) at this location (Strichman-Almashanu et al. 2002) , lending additional support to the prediction of imprinted genes residing in this genome region. Mustanski et al. (2005) also found linkage to male sexual orientation in bands 7q36 and 8p12, but without any indications of a parental effect. Interestingly, there were no predicted imprinted gene candidates mapping to these two regions.
Another gene predicted to be imprinted and maternally expressed is Gad2. Its human homolog, located at chromosomal location 10p12, is identified as a candidate gene for obesity (Boutin et al. 2003) . A recent parent-of-origin linkage study on obesity identified a maternal effect at 10p12 (Dong et al. 2005 ). This study found maximal linkage on chromosome 10 at marker D10S197, which resides within an intron of GAD2. These findings support the prediction that Gad2 is imprinted, at least in some tissues.
Prediction of parental expression preference is of particular interest in the light of the conflict theory for imprinting evolution that was originally postulated by Haig and Graham (1991) . It predicts that paternally expressed genes promote prenatal and postnatal growth, while maternally expressed genes exhibit a growth suppressor role. This pattern holds true for at least seven maternally and seven paternally expressed genes involved in prenatal or postnatal growth. Similarly, at least five maternally and five paternally expressed genes can act as tumor suppressors and oncogenes, respectively. Interestingly, this parental expression pattern is followed by the two highest ranking imprinted gene candidates in our set. Ngfb, located on chromosome 13f3, was predicted to be paternally expressed. It is involved in neuronal development (Misko et al. 1987) and acts as an oncogene in numerous malignancies (Tokusashi et al. 2004 ). Second-ranked Cables1, located ∼1.2 Mb proximal to the imprinted gene, Impact, was predicted to be maternally expressed. It inhibits cell growth and suppresses tumor formation in nude mice (Tan et al. 2003) .
Other promising candidates for experimental investigation include two clusters on mouse chromosome 12, whose homologs are located on human chromosome 14. Both maternal and paternal uniparental disomy (UPD) for chromosome 14 indicate three separate imprinted regions on this chromosome (Kotzot 2001) . Meta-analysis also predicts three chromosomal bands 14q11-q13, 14q22-q24, and 14q31-q32 to contain imprinted genes (Sutton and Shaffer 2000) . Frequent loss of heterozygosity (LOH) in human malignant mesothelioma in the same chromo-somal bands further supports the prediction of several tumor suppressor genes residing within these regions (De Rienzo et al. 2000) .
Chromosome region 14q32 contains the imprinted genes DLK1 and GTL2 (Wylie et al. 2000) , and a number of other imprinted genes have been identified in orthologous regions in sheep and mouse (Miyoshi et al. 2000; Schmidt et al. 2000; Charlier et al. 2001 ); however, no imprinted genes have yet been found in the other two heterodisomic areas.
Syt14l and Kcnh5, on mouse chromosome 12d1, were predicted to be paternally and maternally expressed, respectively. The human homologs of these imprinted gene candidates, SYT14L and KCNH5, are located at chromosome location 14q23. These two genes are flanked by markers D14S592 and D14S277, for which frequent LOH is observed in tumors (De Rienzo et al. 2000) .
Foxg1 (Bf-1) and Nova1, at mouse chromosome location 12c1, were also predicted to be reciprocally imprinted. Mice that are homozygous for a null mutation in either of these genes are not viable after birth (Xuan et al. 1995; Jensen et al. 2000) . Foxg1 (Bf-1) was predicted to be paternally expressed and is the homolog of avian Qin, which has growth enhancer (Ahlgren et al. 2003) and oncogenic effects (Li and Vogt 1993) . Human paternal UPD involving the homologous region at 14q12 results in fetal malformations (Towner et al. 2001) , and LOH at 14q11-13 is present in numerous malignancies (Lee et al. 1997; Abujiang et al. 1998; Mutirangura et al. 1998) . One region of frequent LOH in malignant mesothelioma, delimited by markers D14S1003 and 
Predicted imprinted genes
Genome Research 879
www.genome.org D14S297 (De Rienzo et al. 2000) , also contains FOXG1B and NOVA1. Located in between these two genes is marker D14S608, and paternal UPD at this marker has been shown to result in distinctive human malformations (Kurosawa et al. 2002) .
The most important features our algorithm identified to distinguish imprinted genes were the ratio of the number of ‫ע‬ oriented SINE Alu and LINE L1 elements, the relative percentage of ‫ע‬ oriented B2 elements, and the number of ERV1 LTRs (long terminal repeats) 10-100 kb downstream of the gene. The relative orientation of repetitive elements in flanking sequences may contribute to physical chromosomal interactions that are important in controlling genomic imprinting. Physical chromosomal pairing has been observed in the vicinity of the imprinted PW and AS loci (LaSalle and Lalande 1996) .
Many ERV families are predominantly expressed in placenta, germ cells, and embryonic tissues (Lower 1999) . Intercisternal A-type particles (IAPs), also referred to as murine ERVKs, form one family of ERVs. Insertion of IAP sequences at the Agouti (Duhl et al. 1994; Michaud et al. 1994; Argeson et al. 1996) and Axin Fu (Vasicek et al. 1997 ) loci results in epigenetically regulated phenotypes in the mouse that correlate with the extent of DNA methylation at the associated IAP (Michaud et al. 1994; Argeson et al. 1996; Morgan et al. 1999; Rakyan et al. 2003; Waterland and Jirtle 2003) . Parent-of-origin effects also exist at these loci (Reed 1937; Wolff 1978; Belyaev et al. 1981; Morgan et al. 1999; Rakyan et al. 2003 ) that are likely due to differing degrees of IAP resistance to epigenetic reprogramming in the male and female genomes during gametogenesis and after fertilization (Lane et al. 2003) . Moreover, IAPs, particularly ERVLs, are highly expressed at the two-cell stage (Evsikov et al. 2004) , which coincides with the transcriptional activation of the embryonic genome (Wang et al. 2001 ).
An involvement of a LINE L1 element in imprinting control is documented, for example, in the paternally expressed Snrpn. This gene is associated with two DMRs. The region at the 5Ј end is maternally methylated, while the region at the 3Ј end is paternally methylated (Shemer et al. 1997 ). This second DMR consists of a LINE L1 element (Hajkova et al. 2002) .
The timing of the remethylation of LINE L1 and IAPs in the male germ cells is tightly regulated (Lees-Murdock et al. 2003) , but these elements adhere to a slightly different time course for methylation than the DMRs of imprinted genes (Li et al. 2004 ). Furthermore, IAPs are mostly resistant to demethylation, in particular during preimplantation, whereas LINE L1 elements are significantly demethylated during both preimplantation development and in primordial germ cells (Lane et al. 2003) . A unifying role for these repeats in imprinting control remains to be elucidated.
Conclusion
The total number of imprinted murine genes is an open question. An initial estimate of ∼100 imprinted genes was derived from restriction landmark genome scanning (Hayashizaki et al. 1994) ; however, this original estimate was subsequently discounted as overly conservative (Reik and Walter 2001) . A recent study in humans also indicates that variation of gene expression between alleles is more common than previously believed (Lo et al. 2003) . Our prediction of 600 imprinted autosomal genes is somewhat higher than the early estimate of ∼100 but is still lower than the 2114 candidate imprinted genes reported by using expression profiling of the FANTOM2 set of full-length murine cDNAs (Nikaido et al. 2003) .
A possible explanation for our lower estimate for the number of imprinted genes in the mouse than that obtained by using the FANTOM2 cDNA set is that our study is largely restricted to the protein-coding genes annotated in Ensembl, whereas the FANTOM2 set contains numerous noncoding and antisense transcripts. More importantly, expression profiling is based only on differences in parthenogenote and androgenote mRNA levels. This approach can lead to a false-positive rate as high as 42% because the transcription of nonimprinted genes may be regulated by the products of imprinted control genes (Mizuno et al. 2002) . Given the high false-positive rate associated with expression profiling, our estimate seems realistic.
Computational prediction of imprinted genes cannot substitute for experimental validation, but it certainly represents a valuable supplement. It may also be the only way to identify imprinted domains where experimental disruption leads to offspring lethality. Moreover, in silico predictions can assist in the laborious process of experimental determination of imprinted genes by predicting candidate genes with the highest probability of being imprinted. The sequence characteristics we have identified as good predictors of imprint status may also have the added benefit of furthering our understanding of the mechanism by which monoallelic expression of imprinted genes is established and/or maintained.
Methods
Mouse genome data
We compiled the positive training set of 44 genes from a list of imprinted mouse genes at the Imprinted Gene Catalog (http:// cancer.otago.ac.nz/IGC/Web/home.html). To compile the negative training set of 530 genes, we merged 30 genes located within or near imprinted regions that experimental evidence has shown to be biallelically expressed and 500 genes presumed to be nonimprinted. The latter group of genes was chosen at random from autosomal chromosomal bands known or not suspected to contain imprinted genes, and were intended to represent the overall characteristics of biallelically expressed genes. The entire set of training and testing genes is presented in the Supplemental Tables 1 through 3. We retrieved DNA sequence for all annotated murine genes from Ensembl (http://www.ensembl.org; version 16.30) in the following regions: the concatenated exon sequences, the concatenated intron sequences, and the regions 100 kb, 10 kb, 5 kb, 2 kb, and 1 kb upstream and downstream of the gene.
Feature measurements
We determined the presence of repeated elements by using RepeatMasker (http://repeatmasker.genome.washington.edu/RM/ RepeatMasker.html). Subsequently, we calculated the following statistics for different repeat classes: the total count per sequence window, the percentage of the window covered, the ratio
‫ן‬ ͑−1͒
where count + denotes the count of repeated elements in the same orientation as the gene, count ‫מ‬ denotes the count of repeated elements in the opposite orientation as the gene, and I (count + < count ‫מ‬ ) represents an indicator function, which is equal to one if the condition count + < count ‫מ‬ is met, and zero otherwise.
Additionally, we computed the ratio of the window covered as a function of the orientation as max͑length + , length − ͒ min͑length + , length − , 1͒ .
The statistics of repeated elements were determined in nonoverlapping windows ‫01מ001‬ kb and ‫5מ01‬ kb upstream and downstream, while the windows 5 kb, 2 kb, and 1 kb were considered in an overlapping fashion. We used CpG Island Searcher (Takai and Jones 2002) to count the number of CpG islands. CpG island information was recorded as counts of the number of islands found and the percentage of the sequence window consisting of a CpG island (percentage
where N is the total number of CpG islands found within that sequence window, L is the total length of the sequence window, l j the length of the j-th CpG island, and [CG] j the CG content of the j-th CpG island). We incorporated the two-island rule formulated by Onyango et al. (2000) as an indicator function, whose value was one if the number of CpG islands was two or greater, and zero otherwise. Following the method described by Feltus et al. (2003) , we classified each CpG island in the upstream window as either methylation prone or methylation resistant. This model was trained by using the DNA pattern frequencies given in Supplemental Table 4 and implemented in Equbits Foresight (http://www.equbits.com). We subsequently calculated total counts, mean, and running mean of these predictions over 10-kb windows. By using FASTA (Pearson and Lipman 1988) and custom Perl scripts, we investigated the presence of consensus-binding sites in the upstream and downstream regions. We searched for the enhancer motifs, TGTTTGCAG, TGTCTGCAG, the CTCF binding motif, CCGC**GG*GGC (Wylie et al. 2000) , and motifs 3, 7, and 11 described by Z. , i.e., AGAATAAATG AAAAAAAAAATAAAAG, ATATTATGTTTTTTTTCATTTTCAAT, and ATTTTTTTATTTTTATTTTATTTTTTTTTTTTAAAA, respectively.
By using Etandem (http://www.hgmp.mrc.ac.uk/Software/ EMBOSS/Apps/etandem.html), we counted the number of dinucleotide (nucleotide repeats of length 2) and tetranucleotide repeats (length 4), as well as simple repeats (nucleotide repeats with minimal length of 5 and maximal length of 100) within the 10 kb upstream region.
It was previously shown that one CpG island is frequently located within a 2-kb region upstream of the gene and occasionally it overlaps the first exon (Onyango et al. 2000) . To incorporate these findings in a systematic manner, we encoded the answers to the following questions by means of indicator variables. First, does the first exon at least partially contain a CpG island? Second, does the last exon at least partially contain a CpG island? Third, is there a downstream enhancer consensus binding site (TGTTTGCAG) within either 2 kb upstream or the first 2.6 kb downstream of the first exon? Fourth, is there a downstream enhancer consensus binding site (TGTCTGCAG) within either 2 kb upstream or the first 3.5 kb downstream of the first exon? Fifth, is there an upstream CTCF consensus binding site (CCGC**GG*GGC) in the region 2 kb upstream of the gene to the end of the first exon. A sixth indicator variable was set to one if rules 1 and 2 were both met. We also determined putative transcription factor binding sites within 10 kb upstream by using the RGSiteScan program (http://www.mgs.bionet.nsc.ru/mgs/ programs/yura/rgscan1.html). We summarized the transcription factor binding data for non-overlapping windows of 1 kb size to limit the size of the feature vector.
To characterize the interdependence between sets of features, we computed all pairwise interactions between two features within the training set, performed a t-test, and ranked them by P-value. In the imprinted versus nonimprinted model, we retained the top 4000 pairwise interactions. Since all of the interactions had a P-value below a Bonferroni-corrected cutoff at the ␣ = 0.05 level, we added them to the original feature matrix. In the parental preference model, we retained the top 10 pairwiseinteractions (P-values Յ 0.0003).
Classification method
Equbits Foresight was used for classification. The classifier is based on support vector machines and was originally developed for QSAR data. The feature data were scaled to unit length when predicting the imprinting status of a gene, and a linear kernel was used to rank the features by weight. All features that had a nonzero weight were retained for use in an RBF (radial basis function) kernel. In the final imprinted versus nonimprinted classifier, we employed 722 features. The number of features employed ranged from 704-738 during the cross-validation stage of analysis. Only the top 30 features were retained for the prediction of parental expression preference.
